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Decomposition Multi-objective Optimizaiton Algorithm with Weight Vector Generation Strategy
Based on Non-Euclidean Geometry

SUN Liangxu',LI Linlin' and LIU Guoli*
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2 College of Mechanical Engineering, Shenyang University of Technology,Shenyang 110300, China

Abstract With the increase of the number of objectives, mult-objective problems(MOPs) are more and more difficult to solve.
Decomposition-based multi-objective evolutionary algorithms show better performance. However, when solving MOPs with com-
plex Pareto fronts,decomposition-based algorithms show poor diversity in population and the performance deteriorates. To ad-
dress these issues, this paper proposes a decomposition multi-objective optimization algorithm with weight vector generation
strategy based on non-Euclidean geometry. By fitting the non-dominated frontier in the non-Euclidean geometric space and estima-
ting the parameters,the normal statistical sampling of the target variable of the non-dominated solution is used to generate the
weight vector,so as to guide the evolution direction of the population and maintain the diversity of the population. Meanwhile, the
neighborhood of sub-problems can be rebuilt periodically,to improve the efficiency of the co-evolution of decomposition algorithm
and improve the performance of the algorithm. Experiment results based on the MaF benchmark test problems show that,com-
pared with MOEA/D,NSGA-III and AR-MOEA algorithms, the proposed algorithm has significant performance in solving multi-
objective optimization problems.

Keywords Decomposition, Multi objective, Weight vector, Non-dominated front, Non-Euclidean geometry
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Table 1 IGD metrics achieved by different algorithms on MaF benchmark problems(M=23)

Problem MOEA/D NSGA-II AR-MOEA Lp-MaOEA/D

MaF1 7.0477X10 2(5.62X10 6)— 6.0455X10 2(1.73X10 %) — 4.4041X10 2(7.78X10 ) — 4.3039X1072(3.41X10™%)
MaF2 4.1194X1072(1.07X 10 %) — 3.5819X 10 2(6.54X10"*) — 3.2173X1072(8.16X10*) — 3.0657X1072(5.14X10™4)
MaF3 2.6676X101(6.80x10 1) — 1.2545X1070(3,27X1079) — 5.2498X10 1(1.40X1010) — 2.0926X1071(5.43X10™1)
MaF4 1.5087X10170(3.93X10 1) — 1.5596X1070(1.76X10"°) — 6.5665>X10 1(6.44X10 1) — 4.8436X1071(5.34X10™1)
MaF5 9.7026X1071(7.56x10" 1) — 4.1974X10 14, 94X 10" 1) — 1.6848X1070(1.77x1019) — 3.1264X1071(3.40X 107 1)
MaF6 9.8442X102(1,29X10 1) — 1.4920X 10 2(1.61X10 %) — 5.1522X1073(9,22X10 %) — 5.1007X1073(9.59X107%)
MaF7 1.5551X101(2.59X10 %) — 1.2843x10 1(1.22x10 1) — 2.0643X10 1(2.33X10 1) — 8.6229X1072(5.41X1072)
MaF8 1.9739X 1071 (1.01X10" 1) — 1.1626>X 101 (1.65X102) — 9.2249X1072(2,.88X10 %) — 7.3610X1072(4.07X1073)
MaF9 1.4383X 10 1(6.15X10 2)— 7.6323X10 2(1,19X10 2)— 7.9789X102(3.42X10 %)= 6.7113X1072(2.32X1073)
MaF10 3.2008X101(2.63X10 %) — 2.1539X10 1(2.49X10 %) — 1.8561X10 1(2.68X10 2)— 1.6180X1071(8.27X1073)
MaF11 2.5736X10 1(1.28X10 %) — 1.6296>X 101 (1.52X10 )= 1.7037X101(3.48X107 %) = 1.6225X1071(1.49X1073)
MaF12 2.9558X1071(4,21X102) — 2.2368X101(1.76X10 %)= 2.2343X1071(2.48X1073) = 2.2742X1071(2.29X10"2)
MaF13 1.1313X10 1(2.90X10 %) — 9.6095X102(9.42X10 %) — 8.7656X10 2(5.56X10 3)— 7.9804X1072(6.36X1073)
MaF14 6.3420X1071(1.64X 10~ 1)+ 1.0794X1079(5. 70X 10 1) = 9.6470X1071(3.71xX10 1) = 1.0239X1010¢4, 03X 10" 1)
MaF15 4.0521x101(1,22x10 1)+ 7.5563X101(1.56x10 1) — 3.6642X1071(5.68X1072)+ 4.5059X1071(9.84X10" 2)

Nos. +/—/= 2/13/0 0/12/3 1/10/4

MOEA/D on MaF1 NSGAIII on MaF1

ARMOEA on MaF1

Lp-MOEA/D on MaF1

B2 4 PSR i MaF1 [a] B 4 A 32 ECHTH 431 Rl (M= 3)
Fig. 2 Non-dominated {ront distribution map for solving MaF1 problem by four algorithms(M=3)

MOEA/D on MaF3 NSGAIII on MaF3

10 10
f2 fl

ARMOEA on MaF3

Lp-MOEA/D on MaF3

%
L)
o

Tola0

..o... 0 o
,9 2 ‘1’(,;30- 8o

10 10
f2 fl

&3 4 PR MaF3 [a] B 04 3 S HIT AT 204 KT (M= 3)
Fig. 3 Non-dominated front distribution map for solving MaF3 problem by four algorithms(M=3)
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MOEA/D on MaF5 NSGAIIl on MaF5 ARMOEA on MaF5 Lp-MOEA/D on MaF5

B4 4 FPEEEE SR MaF5 [R]AG 3R 32RO RT3 i [ (M=3)
Fig. 4 Non-dominated f{ront distribution map for solving MaF5 problem by four algorithms(M=3)
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Fig.5 Non-dominated front distribution map for solving MaF6 problem by four algorithms(M=3)
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Fig. 6 Non-dominated front distribution map of MaF7 problem solved by four algorithms(M=23)
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Fig. 7 Non-dominated {ront distribution map for solving MaF6 problem by four algorithms(M=23)
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Fig. 8 Non-dominated front distribution map for solving MaF11 problem by four algorithms(M=3)
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Table 2 IGD metrics achieved by different algorithms on MaF benchmark problems(M=75)
Problem MOEA/D NSGA-IIT AR-MOEA Lp-MaOEA/D
MaF1 1.5382X1071(5.28X102) — 1.8345X1071(1.10X1072) — 1.1552>X 1071 (1.35X1073) — 1.1017X1071(1.24X1073)
MaF2 1.1106X1071(3,28X10*) — 1.1236>X101(3.33X10 %) — 9.4627X10 2(1.65X10 %) — 9.3480X1072(1.26X10™3)
MaF3 1.0581 X107 1(6.31X10 %) — 2.7886X1071(4,96X10 1) — 8.4378X10 2(1.88X10 %) — 6.0511X1072(3.23X1072)
MaF4 1.1625X1011(7,90x10" 1) — 3.0414X1079(2.06X1070) — 2.2700X107°(8, 75X 10 2) — 1.8221X10%°(5,95X1072)
MaF5 8.4045X1070(1.45X1070) — 1.9945X107°(9, 99X 10 2)— 1.9723X1070(5, 41X 10 3)— 1.7594X1079(2.61X10™3)
MaF6 5.5760X102(1,12X10 1) — 1.7229X 10 2(4.15X10 ) — 2.3514X1073(4,50X1079) — 2.0402X1073(3.65X107%)
MaF7 5.1637X1071(4,66x102) — 2.9272X1071(2,89X10 %) — 2.5787X1071(5,99X10 %) = 2.5185X1071(1.80X1072)
MaF8 2.5293X1071(6.07X10 %) — 1.6216X1071(1,12X10 %) — 8.9254X 10 2(2,17X10 %) — 7.6001X1072(7.73X10™%)
MaF9 1.2113X1071(3.93X10 %) — 4.4411X1071(1.62X10 1) — 9.0665X10 2(8.69X10 %) — 8.4995X1072(5.57X1073)
MaF10 8.2209X101(3.34X10 %) — 4.5928X101(2,88X10 %) — 4.1072X1071(2.20X1072) — 3.6247X1071(5.33X1073)
MaF11 7.9466X1071(3,93X10 %) — 3.8732X1071(2.36X1073) = 3.9100X1071(3.06X10 %) — 3.8805X101(5.26X10 %)
MaF12 1.5742X1010(7.85X10 %) — 9.3312X10 1 (4.16X10 %) — 9.4606X101(3.63X10 %) — 9.1863X 101 (4, 08X1073)
MaF13 1.6013X101(2,40X 10" %) — 1.8946>X1071(2.60X1072) — 9.9846X1072(2,12X10 %) — 9.1419X1072(1,.08X1072)
MaF14 7.9569X 1071 (2. 10X10™ ")+ 2.4556X1070(1,05X1070) — 8.3813X10 1 (1.44X10 1)+ 1.1930X107°¢3.63x 10" 1)
MaF15 6.9985X10 1 (1.07xX10" 1)+ 1.4794X1010(2. 45X 10" )+ 6.1235X 1071 (4.05X1072)+ 1.6980X1010¢2.91x10° 1)
Nos. +/—/= 2/13/0 1/13/1 2/12/1
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Fig. 9
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Non-dominated front distribution map of MaF1 problem solved by four algorithms(M=5)
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Fig. 10 Non-dominated front distribution map of MaF2 problem solved by four algorithms(M=75)
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Non-dominated front distribution map for solving MaF5 problem by four algorithms(M=5)
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MOEA/D on MaF6 NSGAIII on MaF6 ARMOEA on MaF6 Lp-MOEA/D on MaF6
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Dimension No. Dimension No. Dimension No. Dimension No.
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Fig. 12 Non-dominated front distribution map for solving MaF6 problem by four algorithms(M=5)
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Fig. 13 Non-dominated front distribution map for solving MaF8 problem by four algorithms(M=5)
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Fig. 14 Non-dominated front distribution map for solving MaF12 problem by four algorithms(M=5)
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Fig. 15 Non-dominated {ront distribution map for solving MaF13 problem by four algorithms(M=5)
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G 5] A A B 1Y IGD 48 b5 19 X908, O 28 DL K W 3 M e 4 NSGA-TT &3k Al AR-MOEA 36, it %t 10 4~ H 45 8] 15
B 16— & 20 A T 4 R VLR A5 45 (] Y Pareto i WY B0 3 9 8 T LA R S O R B 0 A SR 4 S Ak B R O Ak IR
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Table 3 IGD metrics achieved by different algorithms on MaF benchmark problems(M=10)

Problem MOEA/D NSGA-TII AR-MOEA Lp-MaOEA/D

MaF1 5.4085X10 1(3.21X10 %) — 2.7773X101(5.25X10 %) — 2.3580X10 1(6.66X10 %) — 2.2671X1071(2,78X1073%)
MaF2 2.6169X1071(1.31 X107 %) —  2,0578X10 ' (1.88X10 %) — 1.8185X10 1(3.89X10 %) — 1.7871X1071(5.47X1073%)
MaF3 1.4386 X107 1(1. 89X 10 %) — 1.0562>X1014(2,05X1014) — 7.1573X107°(3.02X10+1) — 6.9690X1072(6.63X107%)
MaF4 5.4879X1072(4.25X10FH)—  9.1961X10T1(8.36X1070)—  9,4449X1071(8.02X1070) — 5.8952X10+1(4,86X1010)
MaF5 3.0236X1012(1.91xX1070) — 7.7158X1011(2,03X1070) — 9.8006>X1071(3.49X1070)— 4.5453X10+1(1.45X1010)
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(8E3%)
Problem MOEA/D NSGA-TII AR-MOEA Lp-MaOEA/D
MaF6 2.3466X1071(2,56x10" 1) = 1.0315X1070(4,33x10" 1) — 2.3147X1071(2.46X 10" 1) = 2.7898X1071(2.62x10" 1)
MaF7 2.5323X1070(6.15X10 1) — 1.1534X10709(9.30X 10 2)= 1.3767X1079(9.86X1072) — 1.1142X10F0(2, 54X 107 1)
MaF8§ 9.8566X101(6,.81xX10 2)— 2.8866X101(5,64X10 2)— 1.2520X1071(3.54 X107 3) — 1.0316X1071(8.28X10™4)
MaF9 6.3034X1071(8,69x10" 1) — 5.2589X10 1 (1.37X10" 1) — 1.5915X1071(5.06X1073) + 2.9239X1071(1,07X10"2)
MaF10 1.7922X1070(4, 69X 10 2)— 1.2517X1070(4,68X10 %) — 1.3001X1079¢8, 55X 10 2)— 9.1024X 1071 (1.08X1072)
MaF11 1.9354X1010¢3.26X10 2)— 1.1869X1079(1,76X10 1) — 1.0073X1079(3. 44 X107 2) — 9.9004X1071(1.96X1072)
MaF12 8.8736X1070(6.16X10" 1) — 4.3661X1070(5.12X1072)— 4,.4607X1070(2.73X1072) — 3.8918X101°(2,10X1072)
MaF13 9.7424X1071(7,96X10 2) — 2.4339X1071(2.91X10 %) — 1.1485X107 1(6.20X10 %) — 9.7036X1072(6.90X1073)
MaF14 6.9082X 1071 (1.72X10" ")+ 1.7053X1071(8, 97X 1079) — 1.1789X1079(2, 48X 10" 1+ 2.8242X1010(8.00xX10" 1)
MaF15 1.0955X1070(8.86X 10 2)+ 2.8175X1010(7.16X10" 1) — 1.0614X10%0(8.62X1072)+ 1.7991X1010(1.89x10" 1)
Nos. +/—/= 2/12/1 0/14/1 3/11/1
MOEA/D on MaF1 NSGAIIl on MaF1 ARMOEA on MaF1 Lp-MOEA/D on MaF1
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Fig. 16 Non-dominated front distribution map of MaF1 problem solved by four algorithms(M=10)
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Fig. 17 Non-dominated front distribution map of MaF2 problem solved by four algorithms(M=10)
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Fig. 18 Non-dominated front distribution map for solving MaF5 problem by four algorithms(M=10)
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Fig. 19 Non-dominated front distribution map for sloving MaF8 problem by four algorithms(M=10)
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Fig. 20 Non-dominated front distribution map for solving MaF14 problem by four algorithms(M=5)
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Fig. 22 Gas distribution results under coke oven gas shortage
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